Abstract The combined effect of urbanization and agriculture, two most pervasive land use activities, on the surface climate remains poorly understood. Using Moderate Resolution Imaging Spectroradiometer data over 2010-2015 and forests as reference, we showed that urbanization warmed the land surface temperature (LST), especially during the daytime and in growing seasons (maximized at 5.0 ± 2.0°C in May), whereas agriculture (dominated by double-cropping system) cooled the LST in two growing seasons during the daytime and all the months but July during the nighttime in Jiangsu Province, eastern China. Collectively, they had insignificant effects on the LST during the day (À0.01°C) and cooled the LST by À0.6°C at night. We also found large geographic variations associated with their thermal effects, indicated by a warming tendency southward. These spatiotemporal patterns depend strongly on vegetation activity, evapotranspiration, surface albedo, and the background climate. Our results emphasize the great potential of agriculture in offsetting the heating effects caused by rapid urbanization in China.
Introduction
Humans are altering the Earth's biosphere at an unprecedented rate [Vitousek et al., 1997; Foley et al., 2005; Grimm et al., 2008] through the use of fossil fuels and land use activities [Kalnay and Cai, 2003; Gero et al., 2006; Hossain et al., 2012; Luyssaert et al., 2014; Woldemichael et al., 2014] . Over half of natural biomes have been transformed by anthropogenic activities, and further modifications are expected [Ellis et al., 2010; He et al., 2014] . Among these, urbanization and agriculture are the two most pervasive land use activities that can substantially alter the surface climate, particularly temperature, by biogeophysical and biogeochemical effects [Kalnay and Cai, 2003; Pielke et al., 2007a Pielke et al., , 2007b Lei et al., 2008; Georgescu et al., 2009a Georgescu et al., , 2009b Kishtawal et al., 2010; Grossman-Clarke et al., 2010; Pielke et al., 2011; Degu et al., 2011; Brovkin et al., 2013; Mahmood et al., 2014; Hao et al., 2015] .
Urbanization raises the surface temperature by increasing sensible heat flux and ground heat storage at the cost of latent heat flux, resulting in the well-known urban heat island (UHI) effect [Howard, 1833; Oke, 1982; Arnfield, 2003] . The UHI effect has been observed globally except in few arid cities via meteorological stations [Chow and Roth, 2006; Fast et al., 2005; Peterson, 2003] and thermal infrared remote sensing techniques [Jin et al., 2005; Zhang et al., 2010; Imhoff et al., 2010; Peng et al., 2012; Clinton and Gong, 2013; Zhao et al., 2014; Zhou et al., 2014b Zhou et al., , 2015 Zhou et al., , 2016a . Although urban areas account for a very small proportion of global land surface today, the associated heating effects have already contributed significantly to local, regional, and perhaps global warming [Kalnay and Cai, 2003; Zhou et al., 2004; Grimm et al., 2008] .
cooling effect from irrigation is important for all agricultural regions regardless of their climate regimes, with a mean temperature decrease of 1.3°C [Lobell et al., 2006] .
Although the thermal impacts of urbanization and agriculture have been individually investigated at various spatial and temporal scales, their combined effects on temperature remain largely unknown [Shi et al., 2014] . Previous studies indicated that ignoring either would largely underestimate the total impact of land use activities on global warming [Kalnay and Cai, 2003; Shi et al., 2014] . For example, Kalnay and Cai [2003] showed that the surface warming due to land use changes such as urbanization and agriculture from 1950 to 1999 is at least twice as high as the estimates based on urbanization alone in the United States. Shi et al. [2014] suggested that the urban warming effect on daily maximum temperature had been canceled by the cooling effect of irrigated croplands in Huang-Huai-Hai Plain of China from 1955 to 2007. Nevertheless, those previous studies mainly focused on the long-term temperature trends rather than the temperature changes relative to natural vegetation. In addition, these studies were based on meteorological observations from a limited number of locations. As a result, a spatially explicit evaluation of the combined impacts of urbanization and agriculture on climate is strongly needed.
This study aims to examine the individual and combined effects of urbanization and agriculture on the LST and explore their driving forces in Jiangsu Province, eastern China. The study region is ideal since it (a) has been experiencing both rapid urbanization and intensive agricultural activities and (b) covers the two major agroclimatic zones (temperate and subtropical) in China. More than 80% of the study region are urbanized or culti- 
Materials and Methods

Study Area
Jiangsu Province (116°18′-121°57′E, 33°45′-35°20′) is located in eastern China (Figure 1 ) and has an area of 0.1 × 10 6 km 2 , with 86% plains, lakes and rivers, and 14% low mountains and hills (distributed in the northeast and southwest parts). The climate is characterized by a subtropical humid climate in the southern part and a warm temperate humid climate in the northern part, with the mean annual temperature and precipitation ranging from 13 to 16°C and 800 to 1200 mm, respectively. About three quarters of the land is cultivated for crops or vegetables. The dominant crop type is double-cropping system of rice-wheat/rapeseed in the middle south areas or wheat-maize/soybean in the north part [JSB, 2015] . The two growing seasons span from March to May and from July to September, respectively. More than 85% of the cultivated lands are irrigated except for few hill regions [Siebert et al., 2013] . Jiangsu Province also experienced rapid urbanization over the past three decades: the urban dwellers increased from only 8.0 million in 1978 to 51.9 million in 2014 [JSB, 2015] . There are 13 cities in the province with highly diverse urbanization levels ( Figure 1a ). The south megalopolis area, including five cities of Nanjing, Zhenjiang, Changzhou, Wuxi, and Suzhou, has nearly half of the total urban population of Jiangsu Province in 2014.
Land Use Classification
Land use map was derived from the cloud-free Landsat 8 OLI data (downloaded free from http://www.usgs.gov/) with a spatial resolution of 30 m. The land uses were classified into five broad types first (i.e., crop, urban, forest, water body, and unused land), using the Spectral Angle Mapper (SAM) algorithm [Kruse et al., 1993] . In order to reduce classification errors caused by similar spectral responses of certain classes such as crop and forest, the land use categories were further refined by using vegetation phenology information [Xiao et al., 2006] derived from the Terra MODIS Enhanced Vegetation Index (EVI, 16 day composite) with a spatial resolution of 250 m (MOD13Q1) in 2015. The resulting crop and urban lands account for 72.6% and 10.1% of the total land area, respectively, with the rest being mainly covered by water body (10.1%) and forests (6.7%) ( Figure S1 in the supporting information). Further details on land use classification can be found in Text S1 in the supporting information [Chen et al., 2004; Dallimer et al., 2011; Foody, 2002; Jönsson and Eklundh, 2004; Huete et al., 2002; Kruse et al., 1993; Xiao et al., 2006; Zhou et al., 2014a Zhou et al., , 2016b .
In order to match the MODIS LST data (1 km spatial resolution), we calculated the proportions of urban and crop lands for each LST pixel (ρ urban versus ρ crop ) and grouped the land uses into three broad types: urban (ρ urban > 67%), crop (ρ crop > 67%), and mixed (others). Pixels located in the 2 km buffer zones of water body and those with the sum of ρ urban and ρ crop less than 67% (e.g., dominated by forests) were excluded. About 73,336 pixels (1 km spatial resolution) were included in this analysis, with 83% crop, 4% urban, and 13% mixed ( Figure 1a ).
Identifying the Thermal Effects of Urbanization and Agriculture and Their Possible Drivers
In this study, the thermal effects of urbanization and agriculture were defined as the LST differences of urban and crop lands relative to natural forest base condition (△T), respectively. LST (has overpass time at 1:30 and 13:30 local solar hours) was obtained from Aqua MODIS 8 days composite products (version 5) with a spatial resolution of 1 km (MYD11A2) from 2010 to 2015. In order to reduce the influences of elevation and geographic locations, a simple planar surface model [e.g., Anniballe et al., 2014; Li et al., 2015] was first used to estimate the spatially distributed reference temperature (i.e., as a function of longitude, latitude, and altitude) (Figures 1b and 1c) . Further details can be found in Text S2 [Li et al., 2015; Jin et al., 2005; Tachikawa et al., 2011; Wan and Dozier, 1996; Wan, 2008 Wan, , 2014 Zhou et al., 2015; Wu et al., 2005] . To investigate the sensitivity of our results to the method of inferring reference temperature, we also quantified the △T using two other methods: (a) the reference temperature is estimated as a function of latitude and altitude (i.e., do not consider the longitudinal variations in order to avoid the influence of land sea breeze); and (b) the reference temperature is estimated as the mean of all natural forest pixels (i.e., without including any spatial variability). The reference temperatures estimated using the second method were presented in Figure S2 .
Data sets including MODIS EVI, white sky albedo (WSA), and evapotranspiration (ET), and climate parameters (temperature and precipitation) were assembled to examine the possible drivers for △T's spatiotemporal variations (Text S3) [Hijmans et al., 2005; Mu et al., 2011; Peng et al., 2012; Li et al., 2015] . The EVI, WSA, and ET differences relative to natural forest base conditions (△EVI, △WSA, and △ET) were quantified using the same method as that for the △T and then were aggregated to monthly levels. The Spearman's correlation coefficients (r) between △T and these variables across space were calculated for each month. In addition, the r between △T and those variables across months were calculated on a pixel-by-pixel basis.
Results
The area-weighted mean △T (2010 to 2015) varied substantially by land use types and seasons in the study region (Figure 2 ). During the daytime, the urban land was warmer throughout the year (Figure 2a) . The △T between urban and natural vegetation ranged from 1.0 ± 1.1°C in November to 5.0 ± 2.0°C in May. The mixed land also showed a consistently warming affect, with the magnitude around half of urban land. In contrast, the cropland was cooler in its two growing seasons (March to May and July to September), with
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the maximum △T of À2.1 ± 1.8°C in April. As a result, they together (including urban, crop, and mixed lands) cooled the LST in the two growing seasons (particularly in April by 1.5°C) but warmed the LST in other months and had insignificant effects on the LST (À0.01°C) on an annual mean scale. During the night, the urban land showed a much weaker warming effect, while the cropland continuously cooled the LST in all months except July (Figure 2b ). The combination of urban and crop lands reduced nighttime LST by À0.6°C on average. In addition, △T differed across geographic regions (Figure 3 ). In particular, the cropland had warmer LSTs in the southern part of the study area during the daytime. The urban heat island effects were also higher in the southern regions, especially during the daytime. Figure 4 shows the correlations between the △T estimated by the three methods as described in section 2.3. Spatial distributions of △T from the second and third methods can be found in Figures S3 and S4 in the supporting information. As can be seen, the △T estimated by the first method that considers variations in latitude, longitude, and altitude was highly consistent with that from the second method that did not consider the longitudinal effects, indicating a small influence of land sea breeze. The third method overestimated the △T in the day and underestimated the △T at night, and led to a negative △T for the majority of urban lands in the nighttime.
To understand the drivers of these spatiotemporal variations, Figure 5 showed the Spearman's correlation coefficients (r) between △T and five variables across space and months. As can be seen, the intraannual variations of △T were closely and negatively correlated with △EVI and △ET in the daytime, with an area-weighted mean r of À0.56 and À0.69, respectively, whereas they were more closely and positively related to precipitation (or temperature) at night (Figure 5a ). The spatial distributions of △T were also negatively correlated (p < 0.001) with △EVI and △ET and positively linked to precipitation (or temperature), particularly during the daytime and the two growing seasons (Figure 5b ). Additionally, △WSA contributed significantly and negatively to △T's spatial variability in both daytime and nighttime.
Discussion
Contrasting Thermal Effects of Urbanization and Agriculture and Their Drivers
Our results indicated that urbanization led to significant UHI effects. 
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night, especially during vegetation growing seasons (April to October) (Figure 2 ). The stronger daytime UHI effect can be attributed to the substantial decrease of vegetation activity associated with urbanization ( Figure 5 ) [Zhou et al., 2014a; Hao et al., 2015] . Meanwhile, forests in humid region have high soil moisture content and small surface albedo [Hall, 2004; Zhou et al., 2016b] , which help store heat during the day for later releases, therefore contributing to the relatively smaller nighttime UHI [Peng et al., 2012; Oke, 1982; Zhou et al., 2014b Zhou et al., , 2016a .
We found cooling effects of agriculture in the two crop-growing seasons during the daytime (Figure 2) , which is consistent with previous studies [Brovkin et al., 1999; Govindasamy et al., 2001; Bounoua et al., 2002; Matthews et al., 2004; Betts et al., 2007; Lobell and Bonfils, 2008; Fall et al., 2010] . This phenomenon can be largely explained by the increase of evapotranspiration (i.e., ET) [Bounoua et al., 2002; Lobell and Bonfils, 2008; Sacks et al., 2009] , as verified by the strong negative correlations between crop ΔT and ΔET across months ( Figure 5 ). In addition, the higher surface albedo of croplands relative to forests can indirectly exaggerate the cooling impact [Bounoua et al., 2002] . Interestingly, the croplands warmed the LST in June, October, and the winter season (Figure 2 ), possibly due to crop harvesting and the lack of irrigation in those periods.
Moreover, we showed that the croplands continued to cool the LST at night (Figure 2 ). Similar results have been reported in several previous studies [e.g., Bonan, 2001; Mahmood et al., 2006; Kueppers et al., 2008; Jin and Miller, 2011] . The increase in ET and/or the decrease of surface energy input (induced by the increase of surface albedo) during the day not only reduced the sensible heat flux but also decreased the ground heat 
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storage, therefore might contribute to the cooling effect of croplands at night [Jin and Miller, 2011] . Nevertheless, a number of previous studies suggested an insignificant or warming effect of croplands at night due to the irrigation-induced increase in soil heat capacity [Bounoua et al., 2002; Kalnay and Cai, 2003; Bonfils and Lobell, 2007; Lobell and Bonfils, 2008; Shi et al., 2014] . The reason for the disparity is not clear but might be related to the differences in methods and land surface conditions [e.g., Bounoua et al., 2002; Kueppers et al., 2008] . For example, most of the previous efforts are based on Regional Climate Models whose results might depend on boundary layer and surface parameterizations [Kueppers et al., 2008] . In addition, the thermal infrared LST studied here is usually different from the previously studied air temperature, though they are highly correlated [Voogt and Oke, 2003; Arnfield, 2003; Jin and Dickinson, 2010] .
Large spatial variations of △T were observed in this study, indicated by a warming effect of cropland in the southern region with a subtropical humid climate (Figure 3 ). This agrees with some modeling results in other subtropical and tropical regions [Bounoua et al., 2002; Feddema et al., 2005; Sampaio et al., 2007] and can be largely attributed to the reduction of EVI and ET. For example, the subtropical forests typically have large vegetation activity and adequate water for evapotranspiration. Conversion to croplands would reduce the leaf area, rooting depth, and roughness, which decreases the ET [Sampaio et al., 2007] . The UHI intensity appeared to be more intensive in the southern region (Figure 3 ), which can be also attributed to the large urban-induced reduction in EVI [Zhou et al., 2014a] . As a result of large spatial variability, urbanization and agriculture overall warmed the LST in the southern region (Figure 3) , despite that the spatially averaged effect is small (Figure 2 ).
Implications and Uncertainties
We found that the UHI effects can be canceled by the cropland cooling effects in the study region. The cooling effects are expected be more intensive with increasing irrigation extent, crop yields, and cropping density 
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10.1002/2016JD025359 [Siebert et al., 2013] . This suggests the necessity of (a) including all land uses (e.g., urbanized and agricultural lands) when evaluating regional climate effects of land use activities, and (b) more studies to guide the reforestation policies (converting croplands to forests) that is often being viewed as one of the strategies to mitigate ongoing global warming [Peng et al., 2014] . In addition, we observed evident cooling effects of croplands during the night rather than warming effects previously reveled by some modeling studies [Bounoua et al., 2002; Kalnay and Cai, 2003; Bonfils and Lobell, 2007; Lobell and Bonfils, 2008] , which may provide important insights for future model improvement. Further, the quantitative methods used in this study (e.g., predicting reference LSTs by using the planar surface model) might also provide new insights for future efforts to evaluate the land use effects on climate.
Uncertainties existed in this analysis. First, we solely focused on the biophysical effects. An additional warming effect is expected if we also consider the greenhouse gases emissions associated with urbanization and agriculture [Intergovernmental Panel on Climate Change, 2013] . Second, the reasons for the cooling effects of cropland at night remain elusive. Although it might be related to the increases of latent heat flux and surface albedo which decrease the heat storage, the irrigation-induced increase of soil heat capacity concurrently may increase the heat storage [Lobell and Bonfils, 2008] . Third, the croplands are mostly irrigated in the study area but there is no detailed irrigation information for a comparison analysis between irrigated and nonirrigated croplands, which is left for future research. Fourth, the data and technical limitations may introduce uncertainties. For example, around 20% of the time periods have no cloud-free MODIS LST data, especially during the rainiest month of July, which might cause the exceptional warming effect of cropland in July during the night (Figure 2 ). Worse still, the 8 days MODIS albedo products were invalid in 70% of the total time periods after the data quality control. It also remains challenging to validate the MODIS LST data by in situ measurements due to the lack of free accessible LST in situ data. Note that the MODIS LST data have been widely validated elsewhere, with the absolute bias generally less than 1 K [Wan, 2008] and the mean absolute differences relative to in situ measurements less than 5% in urban areas [Rigo et al., 2006] . Finally, although we have largely reduced the influence of geographic locations by using the planar surface model, the limited number of natural forest pixels in the northern and eastern (i.e., coastal area) parts of the study region may The r between urban △T and △ET across months was not calculated because there was no ET value for urban land. All the correlations between △T and those variables across space were significant at 0.001 levels.
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evoke biases in the fitted reference LST, which might further impact the △T. For example, the reference LSTs were overestimated in the coastal areas (i.e., the eastern part) during the daytime by the second method which did not consider the longitudinal effects (cf., Figures 1b and S2a) . Nevertheless, the resulting △T was very similar between the two methods (Figure 4) , suggesting stronger controls of land surface properties than land sea breeze on △T in the study area.
Conclusions
This study focused on the individual and combined effects of urbanization and agriculture on LST in a spatially explicit manner, which serves as the first step toward understanding their contributions to regional climate change. We indicated that there were significant surface urban heat island effects in Jiangsu Province, eastern China, especially during the daytime and summer. In contrast, the croplands cooled the LST, particularly in the two crop-growing seasons (March-May and July-September) during the daytime. Consequently, the urban and crop land uses together had insignificant influences on daytime LST and decreased nighttime LST by À0.6°C with large seasonal variations. We also showed that the thermal effects associated with urbanization and agriculture varied substantially across geographic regions, indicated by a warming effect for both urban and crop lands in the southern part of the study region. These spatiotemporal patterns were found to be closely related to vegetation activity, evapotranspiration, surface albedo, and the background climate. Our results provide new insights to the land use effects on the regional climate and highlight the great potential of agriculture in offsetting the heating effects caused by rapid urbanization in China. However, uncertainties remained in current research, especially regarding the cooling effect of agriculture at night. While remote sensing is cost effective in quantifying land use effects on climate at a regional level, more field observations, numerical modeling, and attribution analyses are required to corroborate the findings from this analysis.
